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Description 

BACKGROUND OF THE INVENTION 

This Invention is particularty useful for controlling 
plants and processes of various kinds, where some reg- 
ularly occurring disturbance affects the output of the 
plant or process. As the ordinary worker In the field of 
controls will readily recognize the invention described 
herein as application to any field of control technology 
from heating, ventilation and air conditioning systems to 
chemical processing plants, navigational systems, and 
soon. 

A method Is described which provides, In the pre- 
ferred embodiment, using a model bared predictive con- 
trol framework to Improve regulatory performance, par- 
ticularly those processes that are subject to periodic or 
cyclic disturbances. 

Such examples might include temperature distur- 
bances affecting distillation columns (in oil refineries) 
due to ambient temperature variations over the course 
of a day (solar cycle), continuous grinding mills subject 
to feed disturbances near feed-bin changeover times, 
etc. 

Perhaps the primary benefit to using a model that 
predicts disturbances In feeding this Information into the 
control loop Is that processes which are controlled In this 
way can perform more closely to their constraints. Using 
the example of a continuous grinding mill, the neural net- 
work would be trained on plant data indicating that (us- 
ing this example) required power consumption to the 
grinders occurs each time a new ore car Is unloaded into 
the process. Based on the grinding rate, or the size of 
the ore car, or some other criteria known to the plant 
operator, a neural net can be trained to expect the oc- 
currence in the change in power requirement for the 
grinder. 

There are many other examples which coukd be cit- 
ed for using inventions of this type to improve the per- 
formance of the process under control and increase 
yield by allowing operation of the plant close to the 
equipment constraints. 

Model-based predictive control (MPC) techniques 
have gained widespread acceptance in the process in- 
dustry over the past decade due to their ability to 
achieve multl variable control objectives In the presence 
of dead time, process constraints and modeling uncer- 
tainties. A good review of various MPC algorithms can 
be found In "Model Predictive Control: Theory and Prac- 
tice - A Survey'. Automatica 23 (3), (1 989), Garcia, Pret. 
& Morari. In general, these algorithms can be consid- 
ered optimal control techniques which compute control 
moves as a solution to an optimization problem to min- 
imize an error subject to constraints, either user im- 
posed or system imposed. 

In general, an MPC algorithm can be described with 
reference to the multivariable process. For example, 
one modeled by the equations: 



X = f(x,u) (la) 



s y = g(x.u) (ib), 

wherein x Is the state variable vector, u Is the ma- 
nipulated variable vector and y is the output variable 
vector. 

10 There are tv\/o broad steps: a prediction step and an 
optimization step. In the prediction step, at every time 
step (k), the model is used to predict the plant output 
over a number of future tnten^als. This is called the pre- 
diction horizon. This prediction is corrected by adding 
IS the difference in the outputs from the plant and the mod- 
el to the predicted output. The predicted output is then 
subtracted from the desired output trajectory over the 
prediction horizon to give the predicted eror. In the op- 
timizatbn step, the minimization of the predicted error 
subject to the constraint(s) is performed (usually by a 
least squares minimization, although other techniques 
may be used) with the computer control moves being 
the decision variables. Constraints are specified as di- 
rect bounds on the decision variables (called manipu- 
lated variable constraints) or as constraint equations, 
usually based on the process model (output con- 
straints). The first computed control move is Implement- 
ed on the plant and model, then the steps are repeated 
for the next time step k. It is within the contemplation of 
the Invention that one or all constraint variables of the 
one or all constraints are predicted. 

It is Important to know that in the above procedure, 
feedback information is utilized. At each and every time 
step this is used again and again to correct the predic- 
tions. However, in conventional MPC schemes It Is as- 
sumed that the current measured disturbance remains 
constant over the entire prediction horizon because 
there Is no process informatbn In the future. This Is 
called a constant additive disturbance assumption. It is 
well known that conventional MPC is a special case of 
the linear quadratic formulation. Looking at the MPC in 
a linear quadratb framework, the constant additive dis- 
turi^ance assumption suggests that all disturbances ef- 
fecting the process are random steps that effect each 
output Independently. In many, If not most, applications, 
this adversely effects the regulatory performance of a 
standard MPC controller. To counter this linear quadratic 
formulation, researchers have used a Kalman filter de- 
sign to obtain estimates of the states and hence the pre- 
dicted outputs. A review of known methods for dealing 
with this is provided in the reference "Model Predictive 
Control: State of the Art", CPC IV-Proceedings of the 
4th International Conference on Chemical Process Con- 
trol, Padre Island. Texas, pp. 271-296 (1991), Ricker. 

A combination of an MPC controller with the neural 
network as explained in this invention provides for a sub- 
stantial improvement in overall controller design. It may 
be referred to herein as a Hybrid controller( which nnay 
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include other controller types besides the MPC), or a 
Hybrid MPC controller. 

BRIEF DESCRIPTION OF THE DRAWINGS 

Fig. 1 is a block diagram of a hybrid predictive/nom- 
inal control loop, including the processing plant in ac* 
cord with the pref en-ed ennbodiment of the Invention. 

Figs. 2 and 3 are graphs of disturbance prediction 
of the trajectory of y compared to the trajectory of y built 
into the nominal controller, preferably the MPC type, all 
in accord with the preferred embodiments of the inven- 
tion. 

Fig. 4 is a graph of the output and load variable tra- 
jectories for the conventional MPC and the Hybrid pre- 
dictive/MPC controllers. 

Fig. 5 is a graph of the manipulated variable trajec- 
tory for the Hybrid and MPC controllers con'esponding 
to Fig 4 In time. 

SUMMARY OF THE INVENTION 

This invention provides for a controller for control- 
ling a process which has an output signal which controls 
the process through an actuator that's associated there- 
with. The controller also receives as input a signal rep- 
resentative of the plant or process output. 

In a minimum configuration, the invention requires 
a nominal controller which in the preferred embodiment 
is an MPC controller that generates an output which can 
be used for the controller output signal but which output 
is only used by the process in the absence of predicted 
disturbances to the process. 

The controller also has a disturbance mode control- 
ler unit which determines whether a disturbance model 
output should supplement a nominal controller output to 
generate a controller output signal to the plant. Of 
course, a disturbance predictor unit in the preferred em- 
bodiment having a trained neural network, understands 
the likelihood of expected disturbances or disturbance 
patterns and produces output calculated to adjust the 
process to setpoint as the disturbance occurs. 

The disturbance nrKxIe controller unit employs the 
signal from the disturbance predictor unit as well as the 
plant or process output signal in a comparative manner. 
By making a comparison over a selected period of time 
the disturbance controller unit detenmines whether or 
not a disturbance is actually occurring and, if one is not 
occurring, retums control to the nominal controller for 
the plant. 

Variations of the invention include the use of an on/ 
off output from the disturbance model in the neural net- 
work, or several disturbance models, each of which 
have an output to the disturbance mode controller unit 
which uses the difference between the plant output sig- 
nal and the predictiv information from the various dis- 
turbance models to determine which of them, if any, to 
use to supplement the nominal controller output. 



DETAILED DESCRIPTION OF THE PREFERRED 
EMBODIMENT 

Referring first to Fig. 1 , a control loop having a hy- 

s brid predictive/nominal controller therein is indicated by 
the numeral 10. In the preferred embodiment the nom- 
inal controller is in box 20 and is of the MPC variety and 
the predictive controller (DMCU 14) is a neural networic 
trained on the inputs and outputs in the loop 10 and a 

10 disturisance model relevant to the plant or process 2. 
The plant or process 2 can be anything controlled by a 
controller, as would be well understood by those of or- 
dinary skill in this art. 

The output of the plant appears on line 3 which, in 

IS the vernacular of the industry, is considered a signal rep- 
resentative of its output, also and more commonly 
known generally as "y*- (V output variable 

or a set of output variables. In one case, where only the 
disturbance affected variable is affected, no pari of the 

20 y output is sent to the nominal controller. In most com- 
plex controlled systems, other output variables will exist 
that will influence the nominal controller. See the Air 
Conditioner example in the Detailed Description for 
more detail about "y".) This indicator of plant or process 

26 output is fed to the disturbance processor 1 4 as well as 
the controller box 20. The output of the nominal control- 
ler is on line 6. The disturbance processor 1 9 is prefer- 
ably a neural network trained to understand either with 
reference to time 1 5 or some other periodicity indicator, 

30 when and to what extent the disturbance is expected to 
occur. If the periodicity of the disturbance is related to y 
then y nnay be the only input necessary for the DMCU 
14 (Disturbance Mode Controller Unit). The output of the 
DMCU 14 appears on line 5. 

35 There are several different ways in which this con- 
trol by the DMCU can be achieved. In a preferred em- 
bodiment, the predictive model or neural network looks 
at the plant output y and compares It with the expected 
plant output occurring prior to the event of an oncoming 

40 disturbance. Based on the input(u)/output(y) data used 
to train the neural net, its output (which will appear on 
line 5) can be used to predict one or nnore affected con- 
trol variables or one or more constraint variables, each 
represented in its own controller within the main control- 

45 ler block 20. Another preferred embodiment can also 
use the input of an external event, such as that of the 
movement of time, here illustrated as input from clock 
block 15. 

A short discussion of constraint and control varia- 
50 bles is in order here. A constraint variable is one on 
which the limits of machine perfornDance lie. for exam- 
pie, a fan can only tum at a range of revolutions per 
minute, and is constrained beyond that range. A feed 
pipe can only allow a certain volume of fuel to pass 
55 through it in a given amount of time and is thus con- 
strained by a flow rat variable. A control variable is on 
which the controller can affect, such as the size of the 
opening of a valve, for example, or th directly related 
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rate of flow through an associated pipe. Thus a con- 
straint variable may also be affected by a control varia- 
ble. 

The output of the trained neural net 5 (or other pre- 
dictive model if one other than a neural net is used) sim- 
ulates the disturbance affecting the process over the 
prediction horizon at each time step. This output 5 may 
take any form compatible with the form of the controller 
box 20. Ordinarily in the preferred embodiment the out- 
put is the prediction vector profile of the constraint var- 
iable based on the disturbance model the DMCU was 
trained on (, or based on the disturbance nrKxiel and 
computational iterations if a computational DMCU is 
used rather than a neural net). If the predicted distur- 
bance does not materialize, the neural network will re- 
spond to that fact because the output y will not be as 
predicted. When the dissonance with the trained in mod- 
el becomes apparent to the neural net, it will remove the 
expected disturbance profile from its output, and if prop- 
erly trained, can also remove the effects of its error, by 
compensating output. In a computational DMCU, a 
monitor will need to be established that checks the out- 
put y for some predetermined time to detemiine whether 
the disturbance predicted by the iterative model has oc- 
curred, and some other model for corrective action could 
also be added on the nonoccurrence of a predicted dis- 
turbance. 

In the real-workl applicatbn of this to a control sit- 
uation, say to an air conditioning system, the DCMU 
would be programmed or trained to expect the occur- 
rence of substantial and increasing heat load during the 
day, and subsequent decreasing heatload as the sun 
headed for the horizon in the west. If the day is very 
overcast, the predicted disturbance will not develop and 
the DMCU will notice this, since the output of the air con- 
ditioned space will not show the expected rise in tem- 
perature for the no control move situation (or, of course, 
the flat or decreasing temperature level of the condi- 
tioned space with the addition of the disturbance pre- 
dicted control response situation). 

This example is a case where the only output "y" 
may be temperature of the space. Where this is the 
case, using Fig. 1, line 4 should riot provide any infor- 
mation to the nominal controller. However jf the nominal 
controller were to account for humidity, the 'y' output of 
the space representing humidity (which, let us assume, 
is not related to the predicted disturbance that the DM- 
CU accounts for) js connected as input to the Nominal 
Controller but this humidity signal does not, in this ex- 
ample, get sent to the DMCU. 

An altemative preferred embodiment would send 
either a 'I predict a disturbance" signal or. in the alter- 
native, a " no disturbance is predicted" signal on line 5. 
In implementation this would be a logical 0 or logical 1. 
In such an implementation, the disturbance and non-dis- 
turbance responses would have to b programmed or 
trained into the nominal controller 20, in whk:h case it 
wouM not look like a standard MPC controller, rather it 



would be able to send out an appropriate u for the case 
where a disturbanc exists or where one does not, in 
response to the DMCU input from line 5. Numerous sim- 
ilar variants can easily be constructed by one of ordinary 
s skill in the art once the basic idea of supplementing a 
standard controller with the predicted output y expected 
from a predicted disturbance. In other words, it Is be- 
lieved to be an incorporated invention to place a model 
of the effect of a potential disturbance into the controller 
10 block 20, and have the DMCU merely predict its occur- 
rence. The function of an external clock like that in block 
15 in Fig. 1 could be to provide an additional Input be- 
skJes the output y from the plant for such systems to 
predict the coming of a disturbance. 

Training for neural networks to accomplish these 
tasks is not difficult but should be done, preferably in 
simulation representative of the situatbn into which one 
wishes to place the inventive controller. Background lit- 
erature that demonstrates that this is within the compe- 
tence of those of ordinary skill includes 'Neural Net- 
works - A Tutorial for the Power Industry," Proceedings 
of the American Power Conference, 1990, Mathur and 
Samad, and the literature cited therein. 

Figs. 2-5 describe the profiles or trajectories of the 
relevant variables on the occurrence of a disturbance. 
Referring first to Fig. 2, the disturbance D occurs at time 
= k, the origin of the graph 40. This graph 40 is of the 
predk:tion of the output u from the controller in the loop. 
The dotted line 43 shows no response to the predicted 
disturbance at time k because it has not yet affected the 
output y from the plant or process. This line 43 repre- 
sents the prediction the conventional MPC would pro- 
duce at time k. By albwing the conventbnal controller 
to employ the y predicted by the predictive DMCU, the 
output u will follow line 41 . The actual variance from set- 
point is described by line 42. 

In Fig. 3, the same graph moves to (or is redrawn 
with the origin at) time k+2. The disturbance is noticed 
by the conventional MPC (without a DMCU, as in the 
prior art MPC). Thus it's response is shown as line 44, 
anticipating a control move with a model error e2. The 
nfKxjel error of el at time k+2 for the MPC configured 
with a predictive DMCU in accord with this inventnn is 
in addition to the error e2, allowing the model corrected 
by the neural net disturbance predictor to bring the proc- 
ess or plant to setpoint 7 in a more timely manner, as- 
suming the occurrence of the actual disturbance is close 
to the predicted one. 

Fig. 4 shows the output and load profiles in graph 
45. The hybrid MPC (in accord with the invention) pro- 
duces the plant output profile of line 49, because it 
knows (predicts because of its training or model) the 
coming occurrence of the Increasing load line 46. The 
conventk>nal MPC will produce a plant output profile of 
line 48 because it takes it until the disturbance has oc- 
curred to respond. Thus it can easily be seen that the 
disturbance response (known as disturbance rejection) 
is for most situations better for th Inventive hybrkj MPC 
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than for the conventional MPC when th predicted dis- 
turbance to the load occurs. 

In Fig. 5 the graph 47 again demonstrates the rela- 
tive efficiencies of the hybrid MPC and the conventional, 
although this time with respect to controller output u. 
Line 51 represents the u output for the hybrid MPC in 
accord with the invention and the line 51 represents the 
u output of the conventional MPC, In response to the 
load change profile in Fig. 4, line 46. Figs. 4 and 5 are 
both drawn on the same time scale. 

The invention thus described is taken as limited only 
by the folbwing claims. 



Claims 

1. A control loop for controlling a process having an 
output signal to control the process and having an 
actuator (2) for effecting control of the process, the 
control loop having an input signal representative 
of the process output, said control loop comprising: 

a nominal controller (20), having a first output 
(6) for controlling, and connected to the actua- 
tor (2), having a first input (4) for receiving a 
signal representative of a process output, a 
second input (5) and a third input (7), 
a disturbance mode controller unit (DMCU 14) 
having a first input (3) for receiving a signal rep- 
resentative of the process output, having a sec- 
ond input (6) connected to the first output of 
said nominal controller, having an output (5) 
connected to the second input of said nominal 
controller, and having a third input; and 
a periodicity indicator (15) having an output 
connected to the third input of said disturfc>ance 
mode controller unit (14); and 

wherein: 

said disturbance mode controller unit (14) com- 
prises a disturbance predictor unit (19) having 
a neural network which contains likelihoods of 
expected disturbances with reference to said 
periodicity indicator (15), and in view of the sig- 
nal representative of the process output at the 
first input of said disturbance mode controller 
unit and the first output of said nominal control- 
ler for controlling the actuator at the second in- 
put of said disturbance mode controller unit, to 
predict a time and extent of an expected distur- 
bance, and provides on the output of said dis- 
turbance mode controller unit a signal indica- 
tive of any predicted imminent disturbance, 
which enters the second input of said nominal 
controller; and 

said nominal controller (20), having a setpoint 
signal at the third input (7) of saki nominal con- 



troller and the signal representative of the proc- 
ess output at the first Input of said nominal con- 
troller to generat the output for controlling the 
actuator in absence of the signal indbative of 
5 any imminent disturbance, and in presence of 

the signal indicative of any imminent distur- 
bance, the said nominal controller generates its 
output from the signal indicative of any immi- 
nent disturbance from said disturbance mode 
controller unit, for controlling the actuator. 

2. A control loop as set forth in claim 1 wherein sakJ 
DMCU (14) employs a signal from said disturbance 
predictor (19) to said nominal controller output (6) 
for a period of time selected by a user unless the 
process output varies from the setpoint by a user 
selected amount within said user selected time pe- 
riod. 

A controller as set forth in claim 1 wherein the DM- 
CU is a neural network trained in simulation on ex- 
pected disturbance nrxxlels. 

A controller as set forth in claim 1 wherein a DMCU 
output is a signal indicating only whether or not a 
disturbance is predicted. 

5. A controller as set forth in claim 1 wherein a DMCU 
output is a signal indicating the profile of y predicted 
by the DMCU, wherein Y is at least one output var- 
iable vector. 



Patentanspruche 

1. Regelkreis zur Regelung eines Prozesses, mit ei- 
nem Ausgangssignal zur Regelung des Prozesses 
und mit einem Stellgiled, um die Regelung des Pro- 
zesses zu bewirken, wobei der Regelkreis ein zu 
der Proze3-Ausgangsgr6Be reprasentatives Ein- 
gangsslgnal aufweist und der Regelkreis umfaBt: 

einen Nominalregler (20) mit einem ersten Aus- 
gang (6) zur Regelung, der mit dem Stellgiled 
(2) verbunden ist, mit einem ersten Eingang (4) 
zum Empfangen eines der Proze3-Ausgangs- 
groBe entsprechenden Signals, mit einem 
zweiten Eingang (5) und mit einem dritten Ein- 
gang (7), 

eine StorgroBen-Modusregeleinheit (Distur- 
bance Mode Controller Unit DMCU 14) mit ei- 
nem ersten Eingang (3) zum Empfang eines 
dem ProzeB-Ausgang entsprechenden Si- 
gnals, mit einem mit dem ersten Ausgang des 
Nominalreglers verbundenen zweiten Eingang 
(6), mit einem mit dem zweiten Eingang des 
Nominalreglers verbundenen Ausgang (5), und 
mit inem dritten Eingang; und ein Perk)dizi- 
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tats-Anzeigegerat (15) mit einem mit dem drit- gang ein Signal ist. welches das Profil des von der 

ten Eingang der StorgroBen-Modusregelein- DMCU vorausgesagten Y ein variabler Ausgangs- 

heit (14) verbundenen Ausgang; groSen-Vektor ist. 

wobei: s 

Revendications 



die St6rgrd3en-Modusregelelnhert (14) eine 
StorgrdQen-Voraussageeinheit (19) mit einem 
neuronalen Netzwerk aufweist. welches Wahr- 
schelnlichkeiten von enwarteten Storungen mit io 
Bezugnahme aut das Periodizitats-Anzeigege- 
rat (15) im Hinblk:k auf das dem Proze3'Aus- 
gang entsprechenden Signal am ersten Ein- 
gang der St6rgr63en-Modusregeteinheit und 
am ersten Ausgang des Nominalreglers zur is 
Regelung der StellgroBe am zweiten Eingang 
der St6rgr63en-Modusregeleinheit enthalt, urn 
die Zeit und die Dauer einer en^rteten Storung 
vorauszusagen, wobei am Ausgang der Stor- 
gr63en-Modusregeleinheit ein Signal vorgege- 
ben wird, welches jede vorausgesagte, unmit- 
telbar bevorstehende Storung anzelgt und wel- 
ches dem zweiten Eingang des Nominalreglers 
zugefOhrt wird; und 

der Nominalregler (20) ein Sollwert-Signal am 2S 
dritten Eingang (7) des Nominalreglers und das 
dem ProzeB-Ausgang entsprechende Signal 
am ersten Eingang des Nominalreglers auf- 
weist, urn einen Ausgang zur Regelung des 
Stellglieds in Abwesenheit des auf jede unmit- 30 
telbar bevorstehende Storung hinweisenden 
Signals zu erzeugen. und wobei in Anwesen- 
heit des auf jede unmittelbar bevorstehende 
Storung hinweisenden Signals der Regler sei- 
nen Ausgang zur Regelung des Stellglieds aus 3S 
dem auf jede unmittelbar bevorstehende Sto- 
rung hinweisenden Signal von der StorgroBen- 
Modusregeleinheit erzeugt. 



2. Regelkreis nach Anspruch 1 , wobei die DMCU (14) 40 
ein Signal der StorgroBen-Voraussageeinheit (19) 

an den Ausgang (6) des Nominalreglers fur eine 
vom Benutzer ausgewahlte Zeitdauer aniegt, aus- 
genommen der ProzeB- Ausgang welcht von dem 
vorgegebenen Sollwert um einen vom Benutzer ge- 4S 
wahlten Betrag innerhalb der vom Benutzer ge- 
wahlten Zeitspanne ab. 

3. Ein Regelkreis nach Anspruch 1 , wobei die DMCU 

ein neuronales Netzwerk ist, welches durch Simu- so 
lationen von enA^rteten Stdrungsmodellen tralniert 
ist. 

4. Regelkreis nach Anspruch 1, wobei eine DMCU- 
AusgangsgroBe ein Signal ist. welches nur anzeigt. ss 
Ob eine Storung vorausgesagt ist Oder nicht. 

5. Regelkreis nach Anspruch 1 . wobel ein DMCU-Aus- 



1. Boucle de commande destin^e k commander un 
processus ayant un signal de sortie afin de com- 
mander le processus et ayant un dispositit d'action- 
nement (2) destind k effectuer la commande du pro- 
cessus, la boucle de commande ayant un signal 
d'entr6e reprSsentatif de la sortie de processus, la- 
dite boucle de commande comportant: 

un circuit de commande nominal (20) ayant une 
premiere sortie (6) pour la commande, reliee au 
dispositif d'actbnnement (2), ayant une pre- 
miere entree (4) destln6e k recevoir un signal 
repr^sentatif d'une sortie de processus, une 
deuxidme entree (5) et une troisi^me entree 
(7). 

une unit6 de circuit de commande de mode de 

perturbation DMCU (14) ayant une premidre 
entr6e (3) destin6e k recevoir un signal repr6- 
sentatif de la sortie de processus, ayant une 
deuxi^me entree (6) relive k la premiere sortie 
dudit circuit de commande nominal, ayant une 
sortie (5) relive a la deuxi^me entree dudit cir- 
cuit de commande nominal, et ayant une troi- 
sieme entree ; et 

un indicateurde periodicite (15) ayant une sor- 
tie relive k la troisidme entree de ladite un\X§ de 
circuit de commande de mode de perturbation 
(14) ; et 

dans laquelle: 

ladite unit6 de circuit de commande de mode 
de perturbation (14) comporte une unit6 de pr6- 
dlctbn de perturbation (19) ayant un r^seau 
neuronal qui contient des possibilitds de pertur- 
bations attendues en se r6f6rant au dit Indica- 
teur de periodicity (15), et k la vue du signal 
reprdsentatif de la sortie de processus au ni- 
veau de la premiere entree de ladite unite de 
circuit de commande de mode de perturbation 
et de la premi&re sortie dudit circuit de com- 
mande nominal destine k commander le dispo- 
sitif d'actionnement au niveau de la deuxi^me 
entree de ladite unite de circuit de commande 
de mode de perturbation, destinee k predire un 
instant et une duree d'une perturbation atten- 
due, et deiivre sur la sortie de ladite unite de 
circuit de commande de mode de perturbation 
un signal indicatif de toute perturbation immi- 
nente prevue, qui entre dans la deuxidme en- 
tree dudit circuit de commande nominal ; et 
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ledit circuit de commande nominal (20) ayant 
un signal de consigne au niveau de la troist^m 
entree (7) dud'rt circuit de commande nominal 
et le signal repr6sentatif de la sortie de proces- 
sus au niveau de la premidre entree dudit circuit 5 
de commande nominal afin de g6n6rer la sortie 
destin^e k commander le dispositif d'actionne- 
ment en {'absence du signal indicatif de toute 
perturbation imminente, et en presence du si- 
gnal indicatif de toute perturbation imminente, io 
ledit circuit de commande nominal gdn^re sa 
sortie k partir du signal indicatif de toute pertur- 
bation 6vidente provenant de I'unitd de circuit 
de commande de mode de perturbation, afin de 
commander le dispositif d'actionnement. is 



Boucle de commande sebn la revendication 1, 
dans laquelle ladite unit6 DCMU (14) utilise un si- 
gnal provenant de ladite un\X6 de prediction de per- 
turbation (19) vers ladite sortie de circuit de com- 
mande nominal (6) pour une p^riode seiectbnnde 
par Tutilisateur ^ moins que la sortie de processus 
ne varie par rapport k la consigne d*une valeur chol- 
sie par Tutilisateur pendant ladite pdriode selection- 
n6e par rutilisateur. 2$ 

Circuit de commande selon la revendication 1 , dans 
lequel I'unitd DCMU est un r^seau neuronal entrai- 
ns par simulation sur des modules de perturbation 

attendue. so 



Circuit de commande selon la revendication 1 , dans 
lequel une sortie de I'unitd DCMU est un signal in- 
diquant uniquement si une perturbation est pr^dite 
ou non. 35 



Circuit de commande selon la revendication 1 , dans 
lequel une sortie de Punit^ DCMU est un signal in- 
diquant le profil de Y pr6dit par I'unitd DCMU, ou Y 
est au moins un vecteur variable de sortie. 40 



45 



so 
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Fig. 2 
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conventional MPC . 

e1=model error with neural net 
e2smodel error in conventional MPC 
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Schematic comparison of disturbance prediction 
with and without a neural network 
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Comparison of disturbance rejection using hydrid MPC and 
conventional MPC. Advance compensation with the hybrid 
controller leads to better disturbance rejection. 
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